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INTRODUCTION

ﬁg_ltopictus

e Aedes Albopictus - vector of several infectious
diseases (zika, chikungunya, dengue, ...)

e |[ntroduced in hexagonal France in 2004, now
present in 84% of the French hexagonal
departments (more than 6800 municipalities)

e Endemic zones are expanding their borders

e 2025 : major endemic outbreaks in France

Endemic outbreaks of Ae. albopictus-borne diseases

are becoming increasingly common in France
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Current information on Ae. Albopictus distribution in France

remains limited

Citizen surveillance Field surveillance in sample sites

Portail de signalement du moustique tigre

Aedes albopictus




Current information on Ae. Albopictus distribution in France

remains limited

Citizen surveillance Field surveillance in sample sites

Nackail da cianalamank dis v mspmbliaina biosea

But no real-time, wide coverage,
small-scale information on mosquito
spatial and temporal
distribution
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Current knowledge on weather - mosquito association

in France remains limited

epa.gov

nt larvaire)
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Mosquito Life Cycle

Eggs

urée du développement larvin

Dupuis et al. 2025

ment)

Taux (survie jusqu’au stade adulte ou gorge

Ectotherm: life stages are strongly influenced by climatic conditions
(e.g. temperature, rainfall, etc.)

e Theoretical response of mosquito life cycle to weather well documented
In lab conditions

e But Ae. Albopictus shows high ecological plasticity across environments

> In newly colonized areas, the link between weather and mosquito
dynamics remains limited



Objectives of the study

1. Identify weather determinants of
Ae. Albopictus dynamics in southern
France

which will help in..

a N

Improving our knowledge of Ae. Albopictus
local biology

&Studying the causes of shifts in seasonal activity /
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e Better anticipating the nuisance and health risk

e Optimizing mosquito control resources
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Objectives of the study

1. Identify weather determinants of 2. Predict and forecast Ae. Albopictus
Ae. Albopictus dynamics in southern " distribution in real time and at
France operational scales
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Improving our knowledge of Ae. Albopictus

e Better anticipating the nuisance and health risk
local biology

e Optimizing mosquito control resources
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MATERIALS & METHODS
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Data modeling pipeline

Entomological data + Weather data
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Weather
determinants are not
necessarily the same

Abundance
model

W
9'.
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Presence/absence
model
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Results : entomological collections

M ——— Egg abundance 2023 / 2024
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Data-driven variable selection with cross-correlation maps (CCM)

CCM =Tool to visualize_ delayed (lagged)_correlations between two eco-biological time series,
such as temperature and mosquito abundance

Curriero et al., 2005. Cross correlation maps: a tool for visualizing and modeling time lagged associations
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Data-driven variable selection with cross-correlation maps (CCM)

CCM =Tool to visualize_ delayed (lagged)_correlations between two eco-biological time series,
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Curriero et al., 2005. Cross correlation maps: a tool for visualizing and modeling time lagged associations
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Data-driven variable selection with cross-correlation maps (CCM)

CCM =Tool to visualize_ delayed (lagged)_correlations between two eco-biological time series,
such as temperature and mosquito abundance

Curriero et al., 2005. Cross correlation maps: a tool for visualizing and modeling time lagged associations

Abundance ~ temperature
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Data-driven variable selection with cross-correlation maps (CCM)

CCM =Tool to visualize_ delayed (lagged)_correlations between two eco-biological time series,
such as temperature and mosquito abundance
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Data-driven variable selection with cross-correlation maps (CCM)

CCM =Tool to visualize_ delayed (lagged)_correlations between two eco-biological time series,
such as temperature and mosquito abundance

Curriero et al., 2005. Cross correlation maps: a tool for visualizing and modeling time lagged associations
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Cross-correlation maps

Ae. Albopictus presence ~ weather variables
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Cross-correlation maps

Ae. Albopictus presence ~ weather variables
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Weather variables retained for modeling

Abundance
model

Presence/absence
model

L4

~qﬂ > Average temperature between 0 and 4 weeks preceding

',Cm > Average temperature between O and 8 weeks preceding - collections

collections

y 1
4
4
I
' O/
[ Y/
/e
\ 'V
\l

> Humidity between 5 and 11 weeks preceding collections 2 Ll 7 T (D el 0L E5 B PICEEEE Calselems

‘¢ >Cumulated rainfall between 1 and 5 weeks preceding
collections
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Model construction

ML approach : Random Forests algorithm

Classification : Regression :
presence/absence abundance

@
:
y
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Spatial evaluation

Leave-Site-Out Cross-Validation (CV)

Meyer et al., 2018. Environmental Modelling & Software

Model recursively trained on all sites except one, and evaluated on the left-out site
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Spatial evaluation

Leave-Site-Out Cross-Validation (CV)

Meyer et al., 2018. Environmental Modelling & Software

Model recursively trained on all sites except one, and evaluated on the left-out site
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Explainable Machine Learning : global analysis
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Variable importance*

Variable importance*
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Explainable Machine Learning : global analysis

Tran et al., 2020
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Explainable Machine Learning : local analysis
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Why did the model predict this specific value ?
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Explainable Machine Learning : local analysis

PEROLS

|

50 -

254

—— QObservations
//‘ —— Predictions

Why did the model predict this specific value ?

63.6 <UM_0_11<673 -
RR_1_5<=18.7 -

LIME analysis 00 y
Weight
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Explainable Machine Learning : local analysis
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Explainable Machine Learning : local analysis
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Spatio-temporal predictions

Year 2024 : 5 km resolution - 1 week time frame
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Prospects : Model operationalization

November 2025 : Workshop with stakeholders

(Public health authorities, Vector-control operators, M E E S

Local political officials, Urban management services)
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Prospects : Model operationalization
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Concluding remarks : Al for surveillance of vectors

> Al enables to build high performing models of vectors dynamics => mainly thanks to its
ability to capture complex, possibly hypothesized associations in the data

> Interpretable Al enables to understand the behavior of the model (“Why did the model
predict this value ?”’) both globally and locally, providing interesting insights on the vector-
environment association

> Need for long-term field surveillance data to build and improve such powerful models

> Need for collaboration beyond modelers and entomologists to build useful and used
end-user science-decision tools
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Observations ~ predictions : 2025

January to july 2025 —— Observations

— —— Predictions
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Observations ~ predictions : 2025

January to july 2025 —— Observations
— Predictions
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2025 : Observations ~ predictions

July to september 2025 —— Observations
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2025 : Observations ~ predictions

July to september 2025 —— Observations
— Predictions
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2025 : Observations ~ predictions

July to september 2025 —— Observations
— Predictions
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mean egg abundance
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